Surface electromyographic (sEMG) signals always change with the external and internal conditions of human beings. Such a time-varying characteristic leads to decreasing classification accuracy of fixed-parameter classifiers for EMG patterns with time. To design a control system for EMG-based artificial limbs with stable performance, it is necessary to introduce the adaptive mechanism in the classifiers for EMG patterns. In addition, there are many uncertainties in the process of EMG signal acquisition and grasp model recognition. In this paper, on the basis of a distance classifier based on probabilistic fuzzy set, we attempted to introduce the adaptive scheme to the classifiers for EMG patterns and then verified the application of the scheme in the classification of EMG patterns through experiments. The study shows that a self-enhancement distance classifier based on probabilistic fuzzy set can improve recognition accuracy.
Introduction
Due to unpractical control methods, traditional artificial limbs are faced with a series of problems including single functions, low speed, inflexible actions, and inconvenient maintenance. With the emergence of advanced signal processing technologies and high-performance microprocessors, the thought of decoding sEMG signals through pattern recognition and then realizing the control over multi-function artificial limbs has been developed, and it has become the primary method for prosthetic control in modern times [1] [2] .
The methods suitable for the pattern classification of sEMG signals can be roughly divided into: statistical-based classification, fuzzy classification, fuzzy cluster analysis, neural network classification, etc. [3] . Fuzzy classification [4] is characterized by advantages such as the presence of interpretability and high performance in dealing with uncertainty. It has been applied in the control of EMG-based prosthetic hands and has gained favorable effects. However, pattern classifiers remain unchanged after the initial training or need to be retrained after being used for a long period of time. When training the classifiers, the samples generally have inadequate size and are less representative. In addition, as the characteristics of EMG signals change with time, the classifier model estimated based on the training data fails to favorably predict the test samples at the moment when the training or test condition changes. More unfortunately, the external or internal conditions of human beings always change at any moment, such that the feature distribution of EMG signals displays time-varying characteristics. [5] [6] . Meanwhile there are many uncertainties in the process of EMG signal acquisition and grasp model recognition, such as the fuzzy uncertainty produced by humans' subjective consciousness and random uncertainty caused by various noise interference. Many studies have been reported on the pattern classification of time-varying signals using the adaptive method [7] [8] . The difficulty in pattern recognition always lies in the realization of the effective online unsupervised learning. For time-varying EMG signals, the problem becomes even more prominent due to the lack of an exact theoretical model and the interference of stochastic uncertainties such as noise [9] .
In this paper, the adaptive feedback mechanism was added in the traditional probability fuzzy classifier [10] [11] . Therefore, the classifier can constantly adapt to new samples on the basis of maintaining the original stability as far as possible. Meanwhile, because of the strong ability of capturing fuzzy and stochastic uncertainties, the classifier was not only expected to have stronger adaptability, but also able to favorably handle the uncertainty under random circumstances. Finally, the experiment verifies the validity of the adaptive distance classifier based on probabilistic fuzzy set.
Adaptive Distance Classifier based on Probabilistic Fuzzy Set

Distance Classifier based on Probabilistic Fuzzy Set
Definition 1 (Probabilistic fuzzy sets (PFS)) [12] : A probabilistic fuzzy set A in
is a random variable, denoting the degree of membership x to A , and ( , ( ))
A P x u x is the probability distribution function describing the random variable ( ). Ux
The fuzzy membership degree () ux is as follows:
The probability distribution function ( , ( ))
Where center c is the nth cluster center,  is the standard deviation of the nth cluster,  is the mean of  , and  is the standard deviation of  . .
Where () j ux is the fuzzy membership degree, which satisfies the following condition:
The distance classifier based on probabilistic fuzzy set (PFS-based distance classifier) is as follows: 
For a given class p A , its fuzzy membership degree ( ), ( 1, 2, , )
is calculated by Equation (5), and the
ux can be obtained by Equation (6) . The given class p A is presented by a probabilistic fuzzy set, which is described with the probability as: 
Adaptive Method
In the distance classifier based on probabilistic fuzzy set (PFS-based distance classifier), once the parameters are studied well, they are fixed. In order to update parameters in real time, the following adaptive method is introduced.
In the Expectation process, the current probability of K classes is calculated by the Gaussian random distributions function as follows [13] :
In the Maximization process, to update the means center c and  for each class, the resulting probability of the mean is employed. The last weight of i x to N vectors and corresponding class probabilities are obtained by the following formula (in the training process, because class label k is known, the probability value is 0 for the incorrect class and 1 for each correct class):
To update the standard deviation  and  with the formula:
For every new sample and its estimated probabilities, the oldest of an N-sample window of the former training samples is replaced, resulting in a sliding window, which constantly updates the training set for the classifier.
The Adaptive Classification of Grasp Model for EMG Robot
In this section, the adaptive distance classifier based on PFS is applied to the grasp model recognition problem of the EMG robot. The adaptive method is used to learn the real-time parameters of this classifier and investigate its distinctive classification capability under random circumstances.
Grasp Model Decode of EMG Robot
The working principle of manipulators based on EMG control is illustrated in Figure 2 . The EMG signals obtained from a surface electrode are decoded to acquire a grasping model after data-processing. Then, the signals representing input to the grasping model are transferred to the controller and adjusted. At the same time, the working condition of the manipulator is fed back to the operator to adjust the accuracy of the control.
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As the thumb plays a critical role in grasp model, the muscle activities reflecting the state of activity of the thumb were collected. The selected muscles included: the flexor pollicis longus muscle, the palmaris longus, the flexor carpi ulnaris, and the extensor digitorum. EMG signals from arms of eight subjects when doing seven hand or wrist motions were collected in the experiment. The combinations of these motions covered most simple motions in daily life. The eight motions included: natural state, cylindrical grasp, two fingers pinch, spherical fetching, disk pinch, three fingers pinch, hook grab, and lateral pinch. In the experiment, the videos of standard motions were played and each motion was maintained for 8 s. The subjects did the motions accordingly and every two motions had an interval of 5 s, so that the subjects were able to relax their muscle and rest. The motions are displayed in Figure 3 . The EMG signals were subject to interference from various sources of noise. Therefore, wavelet filtering was used to eliminate high-frequency noise in the EMG, and force, signals. Moreover, we used notch filter to eliminate power-line interference at 50 Hz during acquisition of the EMG signals. The filtered four-channel EMG signals were adopted, and their features were extracted as input signals while the grasp model formed the output signal. For the convenience of analysis of the EMG signals in the time domain, a sliding window was used for data-partitioning, with a window length and sliding increment of 256 ms and 64 ms, respectively. At the sampling frequency of 1000 Hz, the window data and increment were 256 and 64, respectively.
Simulation Experiment
Due to the existence of multiple acquisition channels and the high dimensionality of eigenvalues, the eigenvalues showed redundancy and correlation, which exerted certain influences on the force decoding. For this reason, it is necessary to reduce the dimensionality of the eigenvalues. The principal component analysis (PCA) was applied for the dimension-reduced processing of the eigenvalues, and the first four principal components were retained to reduce the dimensionality of the eigenvalues [14] . The simulation performance comparison of the adaptive distance classifier based on PFS, distance classifier based on PFS, and naive Bayes classifier are given in Table 1 . The classification performance is shown in Figure 4 . The average accurate ratio of the distance classifier based on PFS is 68%, the average accurate ratio of the naive Bayes classifier is 70%, and the average accurate ratio of the adaptive distance classifier based on PFS is 74%. Due to the stochastic generation of training testing data, the classification results are from the average performance of 100 simulations. It is shown that the adaptive distance classifier based on PFS achieves better performance than the distance classifier based on PFS and the naive Bayes classifier. The reason is that the adaptive distance classifier based on PFS improves its adaptive capability to handle under fuzzy and stochastic circumstances.
Conclusions
In this paper, the adaptive PFS-based classifier is designed for the recognition grasp model in the EMG robot. The results show that the adaptive PFS-based classifier performs better than the non-adaptive fuzzy classifier under random uncertainties. This will broaden the potential applications of the adaptive PFS-based classifier.
